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Computer based analysis for automated segmentation of blood 
vessels in retinal images will help eye care specialists screen 
larger populations for vessel abnormalities. However, 
automated retinal segmentation is complicated by the fact that 
the width of retinal vessels can vary from very large to very 
small, and that the local contrast of vessels is unstable, 
especially in unhealthy ocular fundus. We propose a novel 
method that takes these facts into account. Our method includes 
a multiscale analytical scheme using Gabor filters and scale 
production, and a threshold probing technique utilizing the 
features of retinal vessel network. Our method is good for 
detecting large and small vessels concurrently. It also offers an 
efficient way to denoise and enhance the responses of line filters, 
allowing the detection of vessels with low local contrast. 
1. Introduction 
     Images of the ocular fundus tell us about retinal, 
ophthalmic, and even systemic diseases such as diabetes, 
hypertension, and arteriosclerosis. A central feature in 
such diagnoses is the appearance of blood vessels in 
ocular fundus. The development of an efficient and 
effective computer based approach to the automated 
segmentation of blood vessels in retinal images would 
allow eye care specialists to screen larger populations for 
vessel abnormalities. However, automated retinal 
segmentation is complicated by the fact that the width of 
retinal vessels can vary from very large to very small, and 
that the local contrast of vessels is unstable, especially in 
unhealthy ocular fundus. 
Previous vessel segmentation methods were either 
window-based [1] [2] [3] or tracking based [4] [5] [6] [7]. 
Window-based methods explore the properties of a pixel’s 
surrounding window and emphasize those pixels whose 
surrounding window matches a given model. Most 
window-based methods implement classical line detection 
techniques on vessel fields. In [1], the cross section of a 
vessel is modeled by a Gaussian shaped curve and the 
matched filters of 12 directions are used to emphasize 
vessels. Tracking-based methods utilize a vessel profile 
model, starting from a number of initial points and 
incrementally tracing a path that best matches the profile 
model. In [4], the tracking starts from the papilla, and then 
is followed with the consideration of the continuities of 
position, curvature, diameter, and density. In [6], the 
tracking is improved using a fuzzy model of a vessel 
profile. In [8], the window-based and tracking-based 
techniques are integrated and are improved using local 
region-based threshold probing. 
In this paper we propose a novel vessel segmentation 
method that includes a multiscale analysis scheme using 
Gabor filters and scale production, and a threshold 
probing technique utilizing the features of retinal vessel 
network.. Our method is not only good for detecting large 
and small vessels concurrently, it is also efficient for 
denoising and for enhancing the responses of line filters, 
allowing the detection of vessels with low local contrast. 
2. Multiscale analysis 
2.1. Traditional line detection methods 
Traditional line detection methods proceed either by 
finding parallel edges [9] [10] or by finding ridges [11] 
[12] [13]. Parallel edge detection makes use of a bar-
shaped model of lines. In [9], a pair of edge detectors was 
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where w is the width of the line, ? ?'G x?  is the first 
derivative of Gaussian and ?  is the standard derivation. 
The responses of lE  and rE  are then nonlinearly 
combined to give the line response. 
Ridge-based detection methods usually use Gaussian-
shaped line model. In [11], the ridges are defined as the 
points on the image where the curvature is the maximum. 
The second derivate of Gaussian ? ?''G x?  is often used as 
a line detector. 
One very important factor in line detection is the scale 
of the filter. To generate a single maximum response on 
the center of a line, the widths of the filter and the line 
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should be constrained in a proper ratio. For example, the 
methods described above have to hold 
3
w? ?                                     (3). 
In order to detect lines of arbitrary widths, it is often 
necessary to iterate the detection procedure in the scale 
space. Conventionally, all lines in an image [1] are 
detected using a single optimal value of ?   (big enough 
but not too big). Alternatively, the line is emphasized [9] 
by using the maximum response of all scales. Yet these 
methods are not entirely satisfactory. Figure 1 summarizes 
the variances of filter responses to lines and noises along 
scale space.
First, because excessively wide filters will filter out 
fine details (small vessels) and the vessels in retinal 
images can vary from very large to very small, it is rarely 
possible to find one single filter width value suitable for 
detecting all vessels.  
Further, if the maximum response of all scales is 
selected, both the large and the small vessels can be 
emphasized but so too is the associated noise. We propose 
a novel method that takes these facts into account. Our 
method includes a multiscale analytical scheme using 
Gabor filters and scale production, and an adaptive 
thresholding scheme using adaptive tracking and 
morphological filtering. Our method is good for detecting 
large and small vessels concurrently. It also offers an 
efficient way to denoise and enhance the responses of line 
filters, allowing the detection of vessels with low local 
contrast. 
Figure 1 Variances of responses along scale space 
2.2. Vessel detection and noise reduction 
In [14], Mallat illustrated mathematically that signals 
and noise have different singularities and that edge 
structures present observable magnitudes along the scales, 
while noise decreases rapidly. With this observation, we 
responded to those problems of edge detection and noise 
reduction by thresholding the multiscale products [15] 
[16].  
Figure 2 shows the effects of scale multiplication. f is a 
signal corrupted by Gaussian white noise; sW f  is the 
filter response at scale s; sP f  is the product at two 
adjacent scales. Scale multiplication enhances the edges 
and filters noise. 
Figure 2. Multiscale edge detection and scale 
multiplication
Adapting this idea to vessel detection, our multiscale 
analytical scheme is implemented as follows. First, a 
proper line detector is produced to obtain the line 
responses at different scales. We use a Gabor filter [17] 
here because it is capable of tuning in to specific 
frequencies and orientations. 
In most cases, only the real part of the Gabor filter is 
used for convolution with the modulation axis parallel to 
the envelope axis, which is expressed by 
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' cos sinx x y? ?? ?                           (5) 
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where ?  is the filter direction, ?  is standard deviation of 
Gaussian, and f is the frequency of cosine wave. (For 
convenience, the modulating Gaussians of filters are set to 
have the same direction as the complex sine grating.) 
For multiscale analysis, a scale parameter is added to 
equation (4) to control the filter size. 
? ?
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    (7) 
To produce a single peak response on the center of a 
line of width w using Gabor filters rotated in n directions, 
Liu [18] has proved that the parameters can be set as 
follows 
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The 18th International Conference on Pattern Recognition (ICPR'06)
0-7695-2521-0/06 $20.00  © 2006
Authorized licensed use limited to: Hong Kong Polytechnic University. Downloaded on March 30, 2009 at 21:49 from IEEE Xplore.  Restrictions apply.
where ? ?1,1.5? ? , ? ?0.5,1? ? , 2 ln 2? ?? , and 
0.85? ? .
Adapting these to multiscale analysis, we modified 
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Then, multiscale Gabor filtering can be applied in 
different directions with the optimal selection of s. Figure 
3 shows a family of above Gabor filters and the spatial 
frequency responses.
Figure 3 A family of gabor filters in spatial plane and their 
coverage in spatial frequency plane 
The response of Gabor filter can be expressed by 
? ? ? ? ? ?,, , ,g sR x y g x y f x y?? ?                (13) 
where ? ?,f x y  is the image and ?  is convolution. 
The scale multiplication is defined as the product of 
Gabor filter responses at two adjacent scales 
? ? ? ? ? ?1, , ,j j js s sg gP x y R x y R x y?? ?                     (14) 
where 2 , 0,1, ,jjs j n? ? ? .
3. Threshold probing 
After vessel pixels are emphasized by Gabor filtering, 
they must be classified as vessel or non-vessel. Hoover [8] 
applied local region-based threshold probing, which uses 
line tracking technique to guide the selection of threshold. 
This technique achieves good performance because the 
features of retinal vessel network are utilized to help the 
tracking. Here, we adapt this technique to our Multiscale 
analysis.
4. Experimental Results 
We tested our automated vessel segmentation method 
using the STARE database [1]. Figure ? shows the effects 
of scale multiplication. The first row is the original retinal 
images in STARE database; the second row is the Gabor 
filter response at small scale; the third row is the Gabor 
filter response at large scale; the last row is the scale 
multiplication. We can see that the scale multiplication 
produces sharper vessel responses and better suppressed 
noise. Figure ? compares our method with STARE [8] at 
very low false positive rate. The first row is the hand-
labeled images as ground truth; the third row is the 
segmentation results by [8]; the last row is our method. 
We can see that a number of small vessels missed by 
STARE are detected by our method. Note also that some 
vessels recorded as broken by [8] are connected when our 
method is used. Figure 6 summarizes the system 
performance using ROC curve. 
Figure 4. Scale multiplication 
5. Conclusion and Further Works 
We described a method for automated retinal vessel 
segmentation. Our method includes a multiscale analytical 
scheme that uses Gabor filters and scale production, and a 
threshold probing technique. The experimental results 
demonstrated that our method is good for detecting large 
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and small vessels concurrently and also efficiently 
denoises and enhances the responses of line filters. Line 
detection is more complicated than edge detection because 
line widths can vary greatly, depressing the quality of 
scale multiplication. Further work is required in this area. 
And, the emphasis of lesions as well as vessels in 
abnormal retinal images is also an issue that must be 
addressed.
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